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Abstract: In order to improve the accuracy of the scoring prediction and the proposed results, the algorithm is improved to solve 


the problems existing in the collaborative filtering algorithm. The traditional similarity measure method only considers the user 


score, which is too simple. Based on the Pearson correlation coefficient, this paper introduces the user's score time and 


commodity prevalence to weight the user's score , and then combine with the similarity calculation based on the scale of the 


common score. The new algorithm can make the calculation results more accurate, but also more realistic. The experimental 


results show that the average absolute error of the new algorithm score is obviously lower than that of Pearson correlation 


coefficient, and the MAE is reduced by 10%, and the recommended recall rate and coverage rate are also improved. [Limit] But 


the experiment is only carried out on movie rating data set, with some limitations. This algorithm can improve the accuracy of 


cooperative filtering algorithm and has certain practical significance. 
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